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Abstract 
This paper put forward a method to promote low-carbon development of electric power industry in China from the 
perspective of benchmarking circular economy efficiency of coal-fired power plants. The input-output index system 
that reflects reducing, reusing and recycling carbon dioxide, waste and pollution emissions for measuring the circular 
economy efficiency of coal-fired power plants is set up. With the survey data of 24 coal-fired power plants, the super-
efficiency data envelopment analysis (DEA) model is applied to ranking and improving the circular economy 
efficiency of these plants. And the benchmarking is carried out using the aforesaid DEA model. The bench marking 
procedure proposed in this paper can be used to choose the best efficiency benchmark of circular economy in the 
environmental management of power plants and enhance the low-carbon development of coal-fired power industry. 
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1. Introduction 
China’s coal-based energy structure is an important reason for carbon dioxide and pollutant discharges, 
increasing rapid ly with the economic g rowth. In 2007, China’s carbon dioxide emissions were 62000 
million tons (about 13.5% of the global emissions), including 27000 million tons from the electric power 
sectors (about 43.5% of China’s); and emissions of other greenhouse gases (GHG) like methane and 
nitrous oxide have been leading in the world [1]. The carbon emissions reduction pressure of China is 
getting bigger and bigger. On November 26, 2009, the State Council announced that China was going to 
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reduce the intensity of carbon dioxide emissions per unit of GDP in 2020 by 40%-45% compared with the 
level of 2005; and it would be a binding target of the “12th Five-year Plan” and the subsequent long-term 
economic and social development planning.  
In 2008, China’s sulfur dioxide emissions were over 23.21 million tons, which made China become 
one of the largest emitting countries of sulfur dioxide and resulted in serious pollution of acid rain in one-
third reg ions of China [2]. With large amounts of carbon dioxide, sulfur d ioxide, nitrogen oxides, dust, 
wastewater and other pollutants discharged in the power generation, the development of the power 
industry in China is severely restricted by the environment and climate issues. Therefore,  to control and 
reduce the emissions of pollutants and carbon dioxide in the electric power industry has been a key 
program for China’s environmental protection and addressing climate change. 
According to the China’s National Climate Change Programme, China will optimize energy structure 
through vigorously developing renewable energy, actively promoting nuclear power p lant construction, 
speeding up utilization of coal-bed methane and other measures; and China will develop circular economy 
and raise resource utilization efficiency to control GHG emissions from the industrial process [3]. As an 
effective means to reduce resources input and pollution output, circular economy can continuously 
improve the energy efficiency and resource utilizat ion rate, and can a lso minimize carbon dioxide 
emissions in the power generation. Therefore, because of the symbiotic emissions of carbon dioxide and 
pollutants and based on the “3R” principle of circu lar economy – reducing, reusing and recycling, to 
develop circular economy can achieve pollution abatement and low-carbon development for the power 
industry [4]. 
2. Method and model 
The premise of benchmarking is to measure the circular economy efficiency; and the evaluation 
methods main ly include the combinational evaluation, gray  correlat ion analysis, gray clustering 
evaluation, fuzzy comprehensive evaluation, emergy analysis, neural network analysis, principal 
component analysis, data envelopment analysis  (DEA), material flow analysis, and so on. The common 
characteristics of the former 5 methods is that there’s some subjectivity, because they need to determine 
the weights of indicators using Delphi method, AHP, expert scoring, entropy method, etc.  [4] In  
comparison, DEA is relatively object ive; it has been used to assess the circular economy efficiency and 
the relative effectiveness [5]. On the other hand, several benchmark selection methods have been applied 
to benchmarking, for example, the ideal analysis, the relative performance evaluation, the production 
frontier analysis [6,7]; and major mathemat ical models used in  benchmark selection are DEA model or 
extended DEA models  [8,9]. 
2.1. Super-efficiency DEA model 
The classic DEA models – CCR model and BCC model, can only figure out whether the decision-
making units (DMUs) are DEA-efficient or DEA-inefficient. It cannot distinguish the efficiencies of the 
DEA-efficient DMUs [10,11]. On the basis of CCR model, Andersen and Petersen put forward  the super-
efficiency DEA model (Eq.(1)) in 1993 [12].  
Literatures have studied the relationship between the CCR model and super-efficiency DEA model. 
When the sample DMUs are measured by the  super-efficiency DEA model, the super-efficiency values of 
the DEA-inefficient DMUs are the same as their DEA (CCR) efficiencies respectively, still s maller than 1;  
and the input redundancies and output deficiencies are consistent with the values from the CCR model. 
For the weakly DEA-efficient DMUs, their super-efficiency values are equal to 1 and input-output 
redundancies will not change; the production frontier of the DEA -efficient DMUs will change and their 
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super-efficiency values are g reater than 1 [9,13]. Therefore, we can directly evaluate the circular economy 
efficiency of coal-fired power plants with the super-efficiency DEA model and the DEA-efficient and 
DEA-inefficient DMUs can be ranked accord ing to their super-efficiency values and the benchmark can 
be selected.  
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2.2. Projection analysis and sensitivity analysis 
The super-efficiency values (θ*), input redundancies (s–*) and output deficiencies (s+*) of all DMUs 
can be acquired with the DEA model in Eq.(1), which will be used for the project ion analysis of DEA-
inefficient and/or weakly DEA-efficient DMUs. And the input-out data of these DMUs may be adjusted 
according to the projected values (input-output targets) so as to improve the productive efficiency. The 
projection analysis model can be expressed as : 
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According to the principle of project ion analysis, the projected values of DEA -inefficient and/or 
weakly DEA-efficient DMUs at the production frontier are DEA-efficient [14]. Thus all DMUs can 
achieve the DEA-efficient efficiencies. On the other hand, the benchmarking method requires that the 
efficiency benchmark be relat ively efficient and stable with a wide variat ion range to maintain DMUs 
DEA-efficient. The range can be achieved through sensitivity analysis.  
Suppose that the input-output data of a single DMU turns into (1±γ) times of the original data, namely, 
DMU0 changes as: 
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Then, the necessary and sufficient conditions for DMU0 maintaining DEA-efficient are: 
)1/(21)1/()1(γ0 000  dd TTT , 10 !T   (4) 
If all DMUs change simultaneously, considering the rest DMUj changes in the opposite direction of 
the change trend of DMU0 (i.e . the most adverse cases), DMU0 still changes based on Eq.(3), while the 
rest DMUj changes according to Eq.(5). 
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Then, the necessary and sufficient conditions for DMU0 maintaining DEA-efficient are:  
 )1/(21)1/()1(γ*0 212121 000  dd TTT , 10 !T   (6) 
From Eq.(4) and Eq.(6), we can see that DMUs with high super-efficiency values are with more 
stability and wide range maintain ing DMUs DEA-efficient, whether a single DMU changes or all DMUs 
change simultaneously; that is, the DMU with the highest super-efficiency can serve as the benchmark 
[9,13]. 
2.3. Benchmarking procedure 
The benchmarking management of promoting low-carbon development of coal-fired power industry 
from the angle o f circu lar economy  is essentially based on measuring the efficiency or development state 
of circu lar economy, from which a DMU with high efficiency and stability can be selected as a 
benchmark, so that other DMUs can  improve their efficiency or productivity through adjusting the input -
output indicators according to the ratio of the input-output of the benchmark. Therefore, to construct a set 
of circular economy evaluation index and to assess  the circular economy efficiency becomes one of the 
most important contents of benchmarking [15]. On  the basis of circular economy efficiency evaluation, 
the benchmarking process of circular economy efficiency for coal-fired power plants can be divided into 
the following 2 stages (Fig.1) [16]. 
 
Fig.1. Benchmarking procedure of promoting low-carbon development of electric power industry 
Stage I – ranking and improving. a. To carry out the correlation analysis of the orig inal input-output 
data to test whether the input-output data meets the requirement of isotonicity or not; b. Using the DEA 
model in Eq.(1) to evaluate the circular economy efficiency of DMUi (i = 1,2, ..., s, s+1, ..., m), and the 
super-efficiency value θI*, input redundancy sI–*, and output deficiency sI+* of each power plant can  be 
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figured out; c. Ranking the circular economy efficiencies of the power plants according to their super-
efficiencies; d. Calculating the target values of DEA-inefficient and/or weakly DEA-efficient DMUs 
(j=1,2,…,s) by projection analysis of Eq.(2). 
Stage II – benchmarking: a. Replacing the original input-output data of corresponding DMUs with the 
target values achieved in Stage I and evaluating this new data set by the DEA mode l in Eq.(1) again so 
that the new super-efficiency value θII*, input redundancy sII–*, and output slack sII+* – actually, the v isual 
assessing results – can be acquired (There’re projected values in the new data set, not the survey data, so 
the evaluation result should be considered as the visual result); b. Based on the sensitivity analysis by 
Eq.(4) and Eq.(6), the benchmark BII and the sensitivity γII of the second stage can be determined; c. To 
adjust the input-output indicators of the rest power p lants according to the efficiency benchmark BII, thus 
the circular economy efficiencies of the power plants can be improved. 
3. Empirical study 
3.1. Input-output indicators 
According to the definition of circu lar economy assessment, the effect iveness of implementing circular 
economy, as well as the total pollutant reductions  and the emission reduction efficiency, can be measured 
by analyzing the total material flow; while the circular economy efficiency ought to be evaluated by the 
material flow intensity, i.e., resource productivity, consumption intensity, recycled utilization ratio and 
waste discharge rate, etc. [4] The evaluation index system of circu lar economy for the coal-fired power 
plant should reflect the “3R” principle so as to provide a good base for decision-making of enterprise 
management and the relevant government departments. Combined with the requirements of operating the 
DEA model, the input-output indicators for measuring the circu lar economy efficiency of the power plant 
can be determined as follows: 
a. Input indicatorsa: x1, coal consumption per unit output value; x2, water consumption per unit output 
value; x3, energy consumption per unit output value
b; x4, flyash output volume per unit output value; x5, 
smoke dust emission volume per unit output value; x6, sulfur dioxide emission per unit output value; x7, 
nitrogen dioxide emission per unit output value; x8, wastewater emission per unit output value.  
b. Output indicators: y1, resource productivity
c; y2, utilizat ion rate of flyash; y3, utilization rate of 
recycled water; y4, total output value per unit power generation. 
3.2. Sample data and isotonicity test of input-output indicators 
Golany & Roll proposed the good rule of thumb for the number of DMUs in  applying DEA model, 
namely, the number of DMUs should be at least twice the number of inputs and outputs considered [17]. 
There’re 8 input indicators and 4 output indicators in measuring the circular economy efficiency for the 
power plant. Thus at least 24 DMUs should be involved in running the model. To  satisfy this rule, this 
study investigated the power generation of 24 coal-fired power plants with similar technology and scale. 
The survey data are listed in Table 1. 
 
a The carbon dioxide emissions from power plants can be estimated with the data of coal consumption. Because there’s the 
indicator of coal consumption per unit output value and it  is considered as the input indicator in the model, it is unnecessary to list 
the carbon dioxide emissions per unit output value in the waste discharge indicators. 
b The energy consumption is defined as the electricity consumption of the power plant in the power generation and the routine 
operation. 
c The indicator of resource productivity is briefly defined as the ratio of the enterprise’s output value to the input value of coal. 
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Table 1 Survey data of 24 coal-fired power plants 
Power plant 
Input indicators Output indicators 
x1 x2 x3 x4 x5 x6 x7 x8 y1 y2 y3 y4 
P01 426.12 5.37 1.593 339.04 1.49 2.35 0.87 112.20 2.347 0.886 0.849 0.823 
P02 324.58 3.76 1.153 216.78 1.30 2.28 1.05 115.13 2.601 0.643 0.745 0.624 
P03 224.78 5.28 1.365 115.19 1.37 1.23 1.56 77.12 1.906 0.632 0.649 0.601 
P04 321.10 2.02 2.107 57.76 1.50 3.07 1.35 34.21 3.114 0.631 0.750 0.598 
P05 299.66 1.84 1.798 124.94 1.40 0.99 2.34 32.47 3.337 0.837 0.823 0.668 
P06 257.15 1.99 1.738 58.97 1.47 1.02 1.13 26.25 1.889 0.568 0.650 0.621 
P07 433.40 6.27 2.170 227.38 1.68 3.35 0.99 87.55 2.307 0.772 0.785 0.711 
P08 389.66 5.21 1.879 113.08 0.57 2.91 1.77 65.65 2.566 0.651 0.620 0.655 
P09 222.16 2.77 1.275 66.79 0.99 1.37 1.95 23.11 2.001 0.729 0.699 0.801 
P10 198.98 6.86 2.230 337.56 1.11 2.89 2.17 105.23 3.026 0.898 0.800 0.794 
P11 293.20 7.48 1.779 98.98 1.37 3.33 0.78 99.45 2.739 0.821 0.802 0.886 
P12 204.55 7.02 2.000 108.92 1.45 4.15 1.67 65.96 2.008 0.698 0.900 0.900 
P13 285.32 7.47 1.852 95.34 1.20 2.77 1.33 45.78 1.980 0.768 0.733 0.653 
P14 456.86 3.67 1.873 199.10 0.89 3.58 2.32 90.90 2.367 0.849 0.853 0.780 
P15 432.05 5.54 1.439 145.32 1.73 1.89 1.59 110.08 3.434 0.850 0.784 0.887 
P16 345.59 2.99 2.003 186.57 1.06 1.88 0.59 103.92 2.999 0.900 0.750 0.706 
P17 340.97 4.69 2.115 187.02 1.44 2.14 0.98 51.65 2.096 0.822 0.865 0.863 
P18 394.94 6.04 1.457 70.07 0.89 3.54 0.73 67.17 2.782 0.651 0.830 0.741 
P19 480.22 6.05 1.904 102.33 0.72 2.94 1.52 70.34 3.320 0.729 0.739 0.805 
P20 383.45 4.23 1.891 96.60 1.69 3.05 2.13 86.88 2.951 0.688 0.825 0.871 
P21 413.64 6.09 1.653 172.05 1.29 1.32 2.35 70.90 1.943 0.789 0.777 0.770 
P22 409.09 5.55 1.478 125.68 0.66 2.37 0.97 80.00 1.929 0.804 0.756 0.895 
P23 500.00 8.14 1.802 190.84 1.63 3.29 1.45 98.32 3.070 0.912 0.802 0.699 
P24 279.76 7.57 1.334 167.21 1.05 2.69 1.59 87.85 3.686 0.876 0.830 0.721 
Table 2 Correlation coefficients of input-output indicators 
 x1 x2 x3 x4 x5 x6 x7 x8 
y1 0.2231 0.0539 0.0621 0.0876 0.0488 0.1752 0.1037 0.3057 
y2 0.2624 0.3553 0.1724 0.6288 0.0497 0.0642 0.0602 0.4887 
y3 0.1567 0.2790 0.2288 0.3648 0.2955 0.4682 0.0444 0.2997 
y4 0.1617 0.3290 0.0749 0.1380 0.0106 0.2854 0.0312 0.2916 
 
DEA model requires that the DMUs be homogeneous with comparability and the input -output 
indicators should meet the requirement of isotonicity, namely, the output will not decrease along with the 
increase of input [18]. Th is can be tested by correlation analysis of the input-output data. The correlation 
analysis result of the input-output indicators of 24 power p lants is listed in Table 2, from which we can 
see that the input-output indicators of the circu lar economy efficiencies of the power p lants are positively 
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related, indicating that the input-output indicators in this research meet the requirement of isotonicity and 
reflect the input-output relationship of implementing circular economy of coal-fired power plants. 
3.3. Ranking and improving 
The original data in Table 1 are calculated with Efficiency Measurement System (EMS) software and 
the result is listed in Table 3 (Stage I). The result shows that the circular economy efficiencies of 19 p lants 
are DEA-efficient and 5 plants are relat ively inefficient with input redundancies and output deficiencies. 
P05 is with the biggest super-efficiency and sensitivity. With super-efficiency values and input-output 
slacks, by operating Eq.(1), the projected values of 5 DEA-inefficient power plants can be figured out by 
Eq.(2), and these 5 power plants may improve the power generation process and input -output data based 
on the target values (Table 4). 
Table 3 Evaluation result of circular economy efficiency of 24 coal-fired power plants (Stage I & Stage II) 
Power Plant  
DEA-efficient  Sensitivity Super-efficiency Ranking 
Stage I Stage II γI γI* γII γII* Stage I Stage II Stage I Stage II 
P01 Y Y 0.0488 0.0244 0.0488 0.0244 1.1026 1.1026 17 17 
P02 Y Y 0.0835 0.0418 0.0835 0.0418 1.1822 1.1822 16 16 
P03 Y Y – – 0.0005 0.0002 0.9964 1.0010 20 23 
P04 Y Y 0.2520 0.1281 0.2520 0.1281 1.6737 1.6737 4 2 
P05 Y Y 0.3058 0.1566 0.2403 0.1219 1.8809 1.6326 1 3 
P06 Y Y 0.1503 0.0756 0.1223 0.0614 1.3538 1.2788 10 10 
P07 N Y – – 0.0009 0.0005 0.8108 1.0019 24 22 
P08 Y Y 0.0356 0.0178 0.0356 0.0178 1.0739 1.0739 18 18 
P09 Y Y 0.2589 0.1317 0.1195 0.0600 1.6986 1.2715 3 11 
P10 Y Y 0.1573 0.0792 0.1573 0.0792 1.3734 1.3734 8 7 
P11 Y Y 0.1390 0.0699 0.1390 0.0699 1.3230 1.3230 11 9 
P12 Y Y 0.1543 0.0776 0.1543 0.0776 1.3649 1.3649 9 8 
P13 Y Y 0.0235 0.0117 0.0235 0.0117 1.0481 1.0481 19 19 
P14 Y Y 0.0840 0.0421 0.0840 0.0421 1.1834 1.1834 15 15 
P15 Y Y 0.0933 0.0468 0.0933 0.0468 1.2058 1.2058 14 13 
P16 Y Y 0.2966 0.1517 0.2812 0.1435 1.8434 1.7824 2 1 
P17 Y Y 0.1027 0.0515 0.0879 0.0440 1.2288 1.1928 13 14 
P18 Y Y 0.1848 0.0932 0.1848 0.0932 1.4534 1.4534 5 4 
P19 Y Y 0.1053 0.0528 0.1053 0.0528 1.2354 1.2354 12 12 
P20 N Y – – 0.0001 0.0000 0.9189 1.0002 22 24 
P21 N Y – – 0.0028 0.0014 0.9448 1.0057 21 20 
P22 Y Y 0.1739 0.0876 0.1739 0.0876 1.4209 1.4209 7 5 
P23 N Y – – 0.0012 0.0006 0.9081 1.0025 23 21 
P24 Y Y 0.1748 0.0881 0.1725 0.0869 1.4237 1.4169 6 6 
Table 4 Input-output target values of 5 DEA-inefficient power plants 
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Power 
plant  
Target input  Target output  
x1 x2 x3 x4 x5 x6 x7 x8 y1 y2 y3 y4 
P03 223.97 2.51 1.360 67.71 1.09 1.23 1.55 25.09 1.906 0.642 0.649 0.691 
P07 351.40 4.55 1.759 166.79 1.13 2.30 0.80 70.99 2.307 0.772 0.785 0.771 
P20 341.09 3.89 1.738 88.77 1.39 2.39 1.86 50.82 2.951 0.818 0.845 0.871 
P21 265.89 2.44 1.562 95.88 1.22 1.25 2.20 28.25 2.683 0.809 0.777 0.770 
P23 362.54 6.64 1.636 168.22 1.02 2.64 1.32 89.28 3.070 0.912 0.862 0.859 
3.4. Benchmarking 
According to the benchmarking steps in the context, the original input -output data of the 5 DEA-
inefficient power plants is replaced by the target values in Table 4. The DEA model in Eq.(1) is applied 
again to gain the measuring result of circular economy efficiency of power plants after being improved 
(Table 3, Stage II). It can be seen that the circular economy efficiencies of all power plants are DEA -
efficient. The circular economy efficiencies of 24 power plants are ranked. However, the efficiency 
benchmark is no longer p lant P05. The super-efficiency and sensitivity of plant P16 are bigger than those 
of any other plants. That’s to say, plant P16 can be served as the final efficiency benchmark. 
4. Conclusion 
According to the basic rules of benchmarking, when a DMU is selected as the benchmark, other 
DMUs can adjust their production management and relevant technical parameters based on the input -
output ratio of the benchmark. Therefore, it is vital to select benchmark subjectively. The benchmarking 
methods based on the super-efficiency DEA model put forward in this paper not only can shorten the 
benchmarking process and choose the optimal benchmark, but also can save the cost and reduce the risk 
of benchmarking. 
The above analysis shows that the circular economy efficiencies o f a number of coal-fired power 
plants can be measured, ranked, and improved by DEA model. The empirical study gives the fact that the 
efficiency benchmark will p robably change. The benchmark BII got in the second stage is better than BI 
achieved in the first stage. To select BII as a benchmark will be more conducive to improve circular 
economy efficiency. Though measuring, improving and benchmarking, the carbon dioxide emissions and 
pollutant discharges will continuously reduced, reused and recycled, hence the low-carbon development 
of electric power industry can be achieved. 
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